From the perspective of complexity science, the influencing factors of household financial behavior in China are presented, then the current situation and development characteristics of household financial behavior also given. The complexity characteristics of household financial behavior in China, such as openness, dynamics, non-periodicity and selforganizing criticality are probed. By using the method of fuzzy clustering and random forest algorithm model, the types of household financial behavior in China are classified and an empirical simulation analysis is made. The simulation results show the validity and accuracy of the model.
INTRODUCTION
Since the 1980s, developed countries have experienced a period of unusually active household financial behavior. Both the scale of household investment and the debt have increased dramatically, which has attracted extensive attention of scholars [1] [2] . Especially since Campbell, president of the American Financial Society, delivered a keynote speech at the AFA annual meeting in 2006, household finance has gradually become an important research field and focus of emerging finance [3] . Existing research shows that there are many differences in macroeconomic environment, structure, consumption concept and traditional cultural concept between China and developed countries abroad, which makes the study of family financial behavior in China heterogeneous and unsolved. Studying the relationship between household income level, household structure, education level, social interaction, risk preference and household financial asset allocation plays an important role in product development and design of financial institutions [4] . A thorough understanding of the formation rules and selection characteristics of household financial behavior in China not only improve the theory of asset selection and provide guidance for healthy financial behavior, but also point out the direction for financial market reform and financial innovation in our country. Therefore, under the current economic and social background, it is very important to study the financial behavior of Chinese households.
II. THE COMPLEXITY OF HOUSEHOLD FINANCIAL BEHAVIOR
Family financial behavior can be proved to be an open dynamic and complex system. The reasons for the complexity of family financial behavior of Chinese residents are mainly due to some basic characteristics of our family and society.
Firstly, large numbers of families interweave into complex social networks. China has a large population and a large number of households. According to the national population sampling survey data of the National Bureau of Statistics in 2016, there are 364 431 households in China by the end of 2016, which is about 10.46 times the number of households in 2000. The large population and the influence of traditional relative network in China have intertwined to form a complex social network among families. Therefore, the research object of household financial behavior itself is a complex and huge system. Family financial behavior is an open system [5] [6] . A large number of families do not engage in economic and financial activities independently, but are closely linked with other families through social networks, as shown in the Figure I.
FIGURE I. DIAGRAM OF FAMILY SOCIAL NETWORK
Secondly, the external environment for the exchange of funds, information and materials with the family financial system is also change dynamically, and the impact on the household financial behavior system is not simple and superimposable. The ever-changing social and economic environment, especially the development of China's financial market, has prompted families to face more choices in investment and financial management, and further complicate their financial behavior. Diversified family types and individual traits of decision makers are also an important reason for the complexity of household financial behavior in China.
Because of the large number of families in our country and the complex intertwined huge system, influenced by the external environment changes and the internal forces of family decision-makers, the household financial behavior of our resident shows obvious complexity characteristics.
III. MODELING OF HOUSEHOLD FINANCIAL BEHAVIOR TYPES
Dimension reduction and classification techniques are needed in the definition of family financial behavior. Common methods including: factor analysis, clustering analysis, discriminant analysis, decision tree, random forest algorithm, etc. These methods can be divided into linear and non-linear methods according to the nature of the model, single equation and multi-equation methods according to the number of models, and some methods have high requirements for data types and data distribution. Due to the large number of data indicators and complex data structure of household financial behavior, the relationship between variables tends to be non-linear, and the phenomenon of over-fitting is prone to occur when using oneequation model. Therefore, this paper combines the fuzzy clustering method with the random forest algorithm model to define and predict the types of household financial behavior.
A. Fuzzy C-Mean Clustering Modeling Method
Fuzzy class mean clustering analysis is a kind of fuzzy clustering algorithm which divides high-dimensional mixed data into specific categories [7] [8] . The main purpose of this method is to calculate the membership degree of sample points to class centers and to judge the category of sample points so as to realize high-dimensional mixed data classification.
Divide the original n cases sample set
The basic calculation steps of fuzzy C-means clustering are as follows as shown in Figure II ., including: 
(2) Fuzzy weighted index ( 1) h h  is set to control the influence of membership degree, and the maximum number of iterations max m , iterative termination threshold  , defined j g as the class center of class j data, then the clustering objective function is:
(3) Computing the mean clustering centers of fuzzy classes:
(4) Update the membership matrix of the fuzzy cluster center according to the calculation result of formula (3) .
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Where, ij d is the distance between case i x and class center j g . Generally, Euclidean distance can be used. 
B. Random Forest Modeling Method
Random forest is a combined classifier composed of multiple single-class decision trees. Compared with single model method, it has higher prediction accuracy and avoids the over-fitting problem of single classification model effectively. Therefore, it has been widely used in biology, computational science, informatics, management and other fields [9] [10] . The basic idea of random forest classification and prediction is to first use bootstrap method to extract 0 n samples from n original training samples in a playback way, and then establish a decision tree classification model for each sample, and then combine the prediction of multiple decision trees to obtain the final prediction results. The basic steps of building a random forest model are as follows:
(1) 0 n samples were randomly sampled from sample set X in a playback manner, and k times were sampled to form a training sample set k.
(2) A decision tree
 is constructed for each training sample set, a total of k decision trees can be obtained. Each decision tree has one vote to select the optimal classification result.
(3) The decision tree sequence   1 2 , , k t t t  is formed by multi-round training, and the final classification decision is obtained by counting the votes of k classification results.
Where Y represents the classification result variable and   I  is the demonstrative function.
The introduction of two randomness makes the random forest not easy to fall into over-fitting, and has a good antinoise ability. For large sample data, because the trees are parallel to each other, the random forest algorithm can easily be used as a parallel method, so it has a fast processing speed.
In order to classify the types of household financial behavior in China, we need to use high-dimensional large sample mixed type data, and there is a certain proportion of missing data, so it is very suitable to use random forest algorithm to build the model.
C. Models Analysis and Simulation Results 1) Selection of research indicators
According to the idea of modeling, this paper first distinguishes and identifies the types of household financial behavior in China from the data of china family panel studies of the year 2016(CFPS2016). According to the research contents, the main indicators used in the process of model construction are divided into three categories: household financial assets investment behavior indicators, household debt management behavior indicators and household real estate investment behavior indicators, as shown in Table II . .
The CFPS 2016 survey data lacks the type variables of financial products invested by households. In the model construction, it may be assumed that the types of financial products invested by households have not changed from 2014 to 2016. Therefore, the type data of financial products are matched by households in the CFPS 2014 database, and other data are from CFPS 2016.
A total of 20 positive indicators are selected for modeling, which have different measurement methods such as quantity, presence or absence, category and so on. Therefore, data standardization is needed before modeling and analysis.
2) Fuzzy c-mean clustering simulation analysis
Taking the financial behavior data of households as samples, the sample set is analyzed in 22-dimensional space by means of the fuzzy clustering algorithm, and the fuzzy category identification is carried out according to the general steps of the fuzzy clustering analysis in the previous section. Supposed the fuzzy weighting index =2 h , maximum iterations max =100 m , iterative termination threshold =0.00001  . The membership matrix is calculated by 61 steps iteratively to achieve stability. All effective families are divided into five types of behavior. Each category is given a unique label to indicate the behavior type represented by the fuzzy cluster. Specific classification results as shown in Figure III .
FIGURE III. FUZZY MEAN CLUSTERING RESULT DISPLAY GRAPH
The average value of silhouette, which is used to test the clustering effect, is 0.6, indicating that the clustering effect is good. The ratio of the largest class to the smallest class is 23.1, which is slightly larger. This may be due to the high uniformity of some types of family financial behavior in our country.
3) Random forest simulation analysis
On the basis of the label of investment behavior types of family financial assets obtained from the results of fuzzy c-Advances in Intelligent Systems Research, volume 165 mean cluster analysis, the random forest algorithm is used to further establish the prediction model in order to improve the accuracy of the prediction results as much as possible. According to the basic process of building random forest algorithm in section above, families to be classified first calculate the classification results of leaf nodes falling into each decision tree, and then vote on the classification results of all trees in the random forest to get the final prediction results of family financial investment behavior types.
More sub-trees can make the model have better performance, but also take longer time. All household data were divided into 70% data as training set and the remaining 30% data as test set to train random forest prediction model. From the observation of Figure IV , it can be found that with the increasing number of trees, the classification accuracy presents an inverted U-shaped shape, which increases first and then decreases. Therefore, 32 sub-trees are selected to construct a random forest. The whole training process lasts about 0.256 seconds, and the completion speed is very fast. The error probability outside the bag of the model is also analyzed. Results show that with the increase of the number of trees, the error probability converges rapidly: around 10 trees, the error probability outside the bag has nearly converged to zero. Table I show that the random forest algorithm has higher discriminant stability. Based on CFPS 2016 data, a total of 14033 households were surveyed. And 12417 valid household samples were obtained, accounting for 88.48% of all households surveyed. According to the random forest model, CFPS 2016 households were divided into five typical household financial behavior: Traditional, normative, active, speculative and balanced.
The ratio of maximum class to minimum class is 14.24, which is lower than the corresponding ratio of 23.6 of the fuzzy c-mean clustering method shown in Figure III . It shows that the random forest algorithm has been optimized on the basis of the fuzzy c-mean clustering method, and the prediction result of the model is more reasonable.
IV. CONCLUSIONS
Household financial behavior is a complex system. It has the characteristics of dynamic openness, non-linear tight coupling and self-organizing criticality. Simulation results show that, from the perspective of complexity network theroy, the combination of fuzzy cluster method and random forest algorithm model is effective and accurate in defining and predicting family financial behavior types.
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